This paper investigates the effects of manufacturing variations in fuel injectors on the engine performance with emphasis on emissions. The variations are taken into consideration within a Reliability-Based Design Optimization (RBDO) framework. A reduced version of Multi-Zone Diesel engine Simulation (MZDS), MZDS-lite, is used to enable the optimization study. The numerical noise of MZDS-lite prohibits the use of gradient-based optimization methods. Therefore, surrogate models are developed to filter out the noise and to reduce computational cost. Three multi-objective optimization problems are formulated, solved and compared: deterministic optimization using MZDS-lite, deterministic optimization using surrogate models and RBDO using surrogate models. The obtained results confirm that manufacturing variation effects must be taken into account in the early product development stages.
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INTRODUCTION
Design of powertrain for ground vehicle applications has traditionally focused on performance metrics such as fuel economy, power/torque and emissions. These metrics are related to physical parameters of the powertrain by advanced simulation tools [1] .
Geometric dimensions, flow rates and material properties are examples of physical parameters which are the results of manufacturing processes applied to selected materials. The uncertainty existing widely in these processes may bring on property variations of manufactured parts. For instance, materials selection and composition, choice of machining tools, human operations, temperature and humidity in operational environment, can induce change in tolerances, shapes, and surface characteristics.
In the automobile industry, inferior quality and increased costs due to these variations may cause reduced productivity and loss of market share. Thus the uncertainty in manufacturing process cannot be neglected and has to be considered in the early phases of product development.
One way to address the uncertainty is to obtain a design that is insensitive to manufacturing process variations with some acceptable sacrifice in performance. Traditional approaches account for the variations through the use of empirical safety factors. However, deterministic safety factors do not provide adequate information to achieve optimal use of the available resources to maximize reliability [2] . In Reliability-Based Design Optimization (RBDO), quantities that exhibit variations are treated as stochastic design variables or parameters and probabilistic constraints are formulated. The means of the random variables are then found such that all probabilistic constraints meet a required reliability level.
VARIATIONS IN FUEL INJECTORS
Injection of the fuel into the combustion chamber is one of the most important processes in direct injection diesel engines. Accordingly, injector nozzle design parameters, such as the number of holes and diameter, play an extremely important role in the mixture preparation process. In addition, cavitation phenomena in the injector add another degree of freedom to the complex process of spray breakup and atomization. Hence, variations of injector holes can affect spray and mixing in two ways: variation of main design parameters, such as hole diameter, will result in different flow conditions; while micro variations of the hole surface or variations of the roughness of edges at the hole entrance will lead to different cavitation conditions. The effect of the former might manifest itself as variation in spray penetration, while the latter could have a more significant impact on spray cone angle and atomization.
The flow coefficient or discharge coefficient is one important characteristic of the injectors. The timing and rate of fuel injection into the chamber affect the spray dynamics and combustion characteristics. If the pressure upstream of the injector nozzle can be estimated or measured, and assuming that the flow through each nozzle is quasi-steady, incompressible, and one-dimensional, the mass flow rate of fuel injected through the nozzle is given by [3] ,
where C d is the discharge coefficient, ρ is the density of liquid fuel, ∆P is pressure drop across the injector nozzle and A n is the total injection cross-sectional area (TICSA) computed by .
When pressure and density are fixed, the flow rate is affected by the product of the discharge coefficient and the TICSA.
The discharge coefficient represents the efficiency of the nozzle and thus has significant effects on emissions. On the other hand, it is a key variable which reflects surface quality characteristics. The discharge coefficient depends on the manufacturing process, so the effects of its variation are studied in this paper.
Reliability-based design optimization methodology helps to make design decisions such as: how much should the decision-maker improve the surface conditions of a fuel injector nozzle to make the system meet the required reliability level, reduce the emissions and not deteriorate the engine performance or fuel efficiency.
MODEL DEVELOPMENT
The developed physics-based models are capable of capturing the effect of manufacturing quality and surface finish on engine performance, fuel economy and emissions.
MZDS (Multi-Zone Diesel engine Simulation) has been developed based on the multi-zone spray combustion model with quasi-dimensional approach, which has the capability of predicting engine performance and NO/soot emissions [4] . MZDS was intended for use in fuel injector design optimization studies. However, increased computational requirements prevent integration of MZDS with design optimization, which requires a number of iterative executions of engine simulation code to find an optimized solution. Therefore, a reduced version of MZDS (MZDS-lite) was developed by introducing aggregated spray zone concept for heat release rate and emissions models to improve computational efficiency of MZDS. MZDS-lite is much faster than MZDS (in the order of 100 times) while maintaining its capability of predicting engine emissions.
Sub-models used in MZDS include spray penetration, air entrainment, fuel evaporation, combustion and emissions models. Spray penetration is calculated using empirical correlations and air entrainment is calculated based on a relatively simple momentum conservation concept in conjunction with spray penetration. Therefore, these two sub-models do not cause any significant computational load. Since the concentration of the air in the zones are critically important for accurate calculation of combustion process and NO and soot emissions formations, spray penetration and air entrainment are decided to be calculated for each zone defined as in Figure 1 . MZDS-lite is associated with the engine configuration presented in Table 1 . The fuel injector used in the experiment is 200×8 (200µm diameter holes with 8 holes in the nozzle). MZDS-lite has a number of input parameters. In this paper, we are interested in the injector design variables associated with the geometry and surface properties of the injector nozzle. Therefore, the injector hole diameter D and the number of injector holes have been chosen to be treated as design variables. However, the effect of microscopic variation of the hole surface or the variation of the roughness of edges at the hole entrance cannot be treated as explicit input parameters. Instead, the effect of those microscopic variations is represented by the discharge coefficient C d . A "7-Mode" simulation is defined to represent a wide range of engine operating conditions. All outputs of interest are computed based on a weighted average of seven modes. Engine speed and load are specified for each mode in Table 2 . Different weights are assigned for different modes according to their operating time length in a specific driving cycle. Table 3 . It can be seen that within the range of design variable values, NO and soot emissions exhibit higher variations than engine performance and fuel efficiency. 
MZDS-lite can

INDIVIDUAL OPTIMIZATION STUDIES
In this section, we formulate and solve four individual optimization problems to identify tradeoffs between conflicting objectives.
There are three design variables: the number of injector holes, injector hole diameter and discharge coefficient. 2.5×10
The appropriate ranges of the first two design variables in Table 4 were determined by the bounds on TICSA. TICSA must lie between 0.1mm 2 and 0.4mm 2 approximately, so that the total injection duration time or pressure does not exceed the appropriate limits: when the TICSA is too small, unusually high injection pressure occurs to inject the amount of fuel specified by the fuel injection rate. The normal injection pressure is typically in the order of 100MPa, depending on the operation conditions. If the injection pressure is being kept fixed, too small TICSA causes too long injection duration: since the injection pressure cannot be increased, the only way to inject the necessary amount of fuel is to inject for longer period. The injection duration becomes too long in some cases and the combustion cannot be completed. The lower and upper bounds of the discharge coefficient were chosen based on experience.
Individual optimization problems are formulated as: (3) where f represents each objective function: IMEP, BSFC, NO emission and soot emission.
The DIvided RECTangles (DIRECT) optimization algorithm was used [5] . DIRECT can solve mixed integer nonlinear programming problems and locate global minima efficiently without derivative information when the number of variables is small. The obtained results are summarized in Table 5 . The following observations can be made based on the obtained results:
1) Performance and fuel efficiency can be improved simultaneously. This is an interesting result that shows optimal injector design can improve both engine performance and fuel efficiency. This may be not possible in many other engine subsystem designs, where these two objectives are conflicting.
2) Tradeoff exists between emission types. Both the optimal results and comparison of Figure 6 and Figure  7 show that NO emission cannot be decreased without increasing soot emission, and vice versa.
3) NO emission cannot be decreased without deteriorating engine performance and fuel efficiency. IMEP and BSFC values did not change much while minimizing soot emission. However, at minimal NO emission, IMEP and BSFC both have been deteriorated dramatically.
This last tradeoff was expected. The timing and rate of fuel injection into the chamber affect the spray dynamics and combustion characteristics. When the pressure and the density are fixed, the flow rate is affected by the product of the discharge coefficient and the TICSA. If this product increases, the flow rate increases. The combustion process is enhanced, which results in improved engine performance, fuel efficiency, and lower soot emissions. However, NO emission cannot be minimized. 
MULTIOBJECTIVE DETERMINISTIC OPTIMIZATION USING MZDS-LITE
Based on the results obtained by solving the individual optimization problems, it was decided to focus on the emission types and solve the associated multi-objective optimization problem. The goal is to determine the hole diameter, number of holes and discharge coefficient, and improve emissions without deteriorating the engine performance and fuel efficiency. The multi-objective problem is formulated for minimizing both emission types subject to engine performance and fuel efficiency constraints.
Baseline values for IMEP and BSFC are computed using the baseline values of input design parameters (Table 6) and engine simulation models.
The multi-objective optimization problem is solved by setting constraint bounds for soot emissions and minimizing NO emissions to generate set of Pareto points. Design variable and output values of the obtained Pareto points are presented in Table 7 . The maximal relative variations between optimal design variables and outputs are also shown in the table. It can be seen that IMEP and BSFC variation is relatively small for all Pareto points. The associated Pareto curve is depicted in Figure 8 . 
SURROGATE MODELING
MZDS-lite is fast to be used in the design process. But surrogate models still need to be developed because of the numerical noise of MZDS-lite. This noise prohibits the use of gradient-based optimization methods, such as RBDO, since gradients estimated using finite differences can be inaccurate.
Surrogate modeling helps to smooth out the numerical noise and save computational cost as well. Surrogate models can be generated over the whole design space. However, it is preferred to generate the surrogate models in the neighborhood of a candidate design point [6] .
This paper uses quadratic response surface modeling tool. For three inputs (x 1 , x 2 , x 3 ), the equation of a quadratic response surface is: (5) where y is the response value, x terms are the design variables, b terms are unknown polynomial coefficients. Given a set of response values and associated values of design variables, the polynomial coefficients can be determined. Quadratic polynomials are used due to their computational simplicity and their convenient algebraic form. Quadratic response surface is generated by rstool from Matlab Curve Fitting Toolbox.
The data sampling method for quadratic response surface modeling is design of experiments (DOE) developed for use in planning physical experiments. A full factorial design of experiments was performed. The surrogate models are developed in the neighborhood of the optimum design based on Table 7 , where the discharge coefficient always goes to the upper bound and hole diameter favors smaller value.
To validate the surrogate models, Root Mean Squared Error (RMSE), also known as the fit standard error and the standard error of the regression, has been used as an absolute criterion and is defined as: (6) where n is the number of response values, m is the number of fitted coefficients, i y is the response value, ˆi y is the predicted response value. Table 8 summarizes the sample points and area used for two different surrogate models and corresponding RMSE. Surrogate models (A) for soot emission exhibit big error and cannot be trusted. From the sensitivity study, the error may be caused by the sharp increasing value change for soot emission in the area which contains both small hole diameter and small number of holes stated by Figure 7 . For deterministic optimization using MZDS-lite the number of holes always goes to the upper bound, so surrogate models (B) are developed with more restricted value range for each design variable. The error of surrogate model for each response has been reduced compared with that of surrogate models (A). Especially for soot emission, its goodness of fit has been improved over 20%. Surrogate models (B) are used for the following optimization studies. The choice of sample points and sample area is very important in the development of surrogate models. It depends on the information from sensitivity studies and optimization studies. The surrogate models are adjusted in order to increase the fidelity and reflect the engine simulation models well enough in the neighborhood of the optima. Figure 9 shows the Pareto curve using surrogate models (B) can approximate that using MZDS-lite within a certain degree of accuracy. The multi-objective optimization problem is solved by weighting method. Table 9 presents the obtained Pareto points. These results are verified by constraints method, which is minimizing NO emission while setting the constraint bound for soot emission.
MULTI-OBJECTIVE DETERMINISTIC OPTIMIZATION USING SURROGATE MODELS
The main conclusion that can be drawn by solving two deterministic multi-objective optimization problems is that the number of holes variable has reach its upper bound and the hole diameter variable is just about reaching its lower bound. This points to the fact that injectors with many small holes promote fuel air mixing. As expected, the discharge coefficient should be maximized. 
RELIABILITY-BASED DESIGN OPTIMIZATION STUDY
The design variables are the same as those in the deterministic optimization design. In RBDO problem, the number of holes and hole diameter are deterministic design variables. The discharge coefficient is chosen as the random design variable because it reflects the effect of microscopic variation of the hole surface or the variation of the roughness of edges at the hole entrance. It is assumed that the discharge coefficient has normal distribution which can be expressed by two main parameters: mean and standard deviation. The standard deviation and the target reliability have to be assumed reasonably based on the engine performance and manufacturing process. Here, the standard deviation, σ, is 0.01 for the discharge coefficient. The target reliability, β t , is 3. Probability of failure is P f = Φ(−β t )=0.0013, while Reliability = 1 − P f = 0.9987.
According to the results obtained by solving the deterministic optimization problems, it was decided to focus on the emission types and solve the associated multi-objective reliability-based design optimization problem. The goal is to determine the hole diameter, number of holes and discharge coefficient, and improve emissions without deteriorating the engine performance and fuel efficiency. The multi-objective RBDO problem is formulated for minimizing both emission types subject to engine performance and fuel efficiency.
RBDO problem solution involves two loops. In the outer loop, specific values are assigned to each variable according to the optimizer algorithms. Random variables are represented by their mean, while standard deviation is kept constant. Objective function is evaluated at this point while probabilistic constraints are examined by the inner loop, where the most probable point (MPP) is found. Only the value for random variables will be changed in inner iterations while deterministic design variables are kept constant. The procedure can be summarized as following (1) Set k =0, given target reliability and distribution information for random variables, select convergence criteria.
(2) The optimizer updates design point in the design space based on the optimizer algorithms.
(3) (Constraints Evaluation Process) (3-1) Transform all the random variables to equivalent uncorrelated standard normal variables.
(3-2) Probabilistic constraints are evaluated at the MPP found using Hybrid Mean Value (HMV) method [7] .
(3-3) Check if both probabilistic and deterministic constraints are satisfied.
(4) k = k + 1, check convergence criteria, if the convergence criteria hold, then stop; otherwise, go to Step 2.
Pareto points are obtained using surrogate models (B).
Weighting method is applied to solve the multi-objective RBDO problem. The associated Pareto curve is depicted in Figure 10 and compared with the result of deterministic optimization. Mean of design variables and output values of the obtained Pareto points are presented in Table 10 . The maximal relative variations of optimal design points and outputs are also shown in the table. The result was verified by constraints method. It is interesting to see how much the reliability has been enhanced. Points with the same number of holes and diameter were chosen from the Pareto curves of RBDO design and deterministic optimization design. A Monte Carlo study simulated was used to validate the obtained results. According to [8] , when P f =0.0013, 300,000 evaluations are enough to guarantee an error that is less than 5%. The reliability of the baseline design is also investigated. Table 11 shows the design variable and output values of the chosen Pareto points, and the corresponding probability constraints reliability as computed by the Monte Carlo method. Given the priority that the number of holes and diameter are the same for both optimization studies, the variations in discharge coefficient lead to different design decisions. The probabilistic constraint P{Cd≤0.8} plays an important role. The upper bound for discharge coefficient expresses manufacturing capabilities [9] . Figure 11 illustrates the effect of deburred inlet corner, which is also called as nozzle inlet chamfer radius, on the discharge coefficient. The discharge coefficient can be increased as much as 0.84 from 0.6, which is the case without corner rounding. Since the upper bound in this case study (0.8) is artificially set by us, it can be substituted by any other appropriate number. The accuracy of surrogate models is substantial for the reliability assessment. If the surrogate models exhibit large estimation errors, it may be meaningless to consider the uncertainties related to manufacturing processes. 
CONCLUSION
The case study on fuel injectors has shown that the effects of manufacturing variations on powertrain design decisions are prominent. The uncertainties in manufacturing processes cannot be neglected and need to be considered in the early phases of product development.
The results obtained using deterministic and probabilistic optimization formulations demonstrated the need for RBDO to improve not only performance but also reliability.
